Aims HIV-infected patients receiving combination antiretroviral therapy may experience metabolic complications, potentially increasing their risk of cardiovascular diseases (CVDs). Furthermore, exposures to some antiretroviral drugs seem to be independently associated with increased CVD risk. We aimed to develop cardiovascular risk-assessment models tailored to HIV-infected patients. Methods and results Prospective multinational cohort study. The data set included 22 625 HIV-infected patients from 20 countries in Europe and Australia who were free of CVD at entry into the Data collection on Adverse Effects of Anti-HIV Drugs Study. Using cross-validation methods, separate models were developed to predict the risk of myocardial infarction, coronary heart disease, and a composite CVD endpoint. Model performance was compared with the Framingham score. The models included age, sex, systolic blood pressure, smoking status, family history of CVD, diabetes, total cholesterol, HDL cholesterol and indinavir, lopinavir/r and abacavir exposure. The models performed well with area under the receiver operator curve statistics of 0.783 (range 0.642-0.820) for myocardial infarction, 0.776 (0.670-0.818) for coronary heart disease and 0.769 (0.695-0.824) for CVD. The models estimated more accurately the outcomes in the subgroups than the Framingham score. Conclusion Risk equations developed from a population of HIV-infected patients, incorporating routinely collected cardiovascular risk parameters and exposure to individual antiretroviral therapy drugs, might be more useful in estimating CVD risks in HIV-infected persons than conventional risk prediction models. Eur J Cardiovasc Prev Rehabil 17:491-501
Introduction
Evidence from the Data collection on Adverse Effects of Anti-HIV Drugs Study (DAD) and other studies has established that exposure to certain antiretroviral drugs is associated with an increase in the rate of cardiovascular disease (CVD) events [1] [2] [3] [4] [5] [6] [7] . Of particular use in individual patient management would be a risk equation that could be used to identify HIV-positive patients at high risk of CVD events. Earlier analyses have suggested that drug-induced lipid changes and other conventional CVD risk factors drive the risk of myocardial infarction (MI) [8] . However, the use of conventional cardiovascular risk equations is of uncertain accuracy because of the established association with antiretroviral drugs, apparent increased risk immediately after starting treatment with some of these drugs, and differences in patient populations. In particular, the average age of HIV-infected persons is lower than the age distribution in the populations for whom conventional CVD risk prediction models were developed. And further, there may be an association between HIV infection itself and CVD risk [9] , which would not be captured in risk equations developed in the HIV-uninfected population. The purpose of the present analyses was to develop prediction equations for the risk of CVD endpoints specifically for patients with HIV. As exposures and CVD risk profiles are dynamic, the prediction models have been created to identify patients at risk of CVD endpoints over the shorter term. However, our risk estimates can be extrapolated to provide 5-year CVD risk predictions (in which the estimates will reflect the risk assuming that the risk profile remains unchanged).
Methods
The DAD study is a prospective, observational study formed by the collaboration of 11 cohorts of HIV-infected patients currently contributing data on 33 308 patients from 212 clinics in Europe, Argentina, Australia and the US. The DAD study methodology has been described in detail elsewhere [10] . The standardized data set includes information on sociodemographic characteristics, AIDS events and deaths, known risk factors for CVD, laboratory markers [CD4 cell counts, HIV RNA, total cholesterol, HDL cholesterol (HDL) and triglyceride (TG) levels], antiretroviral treatment (ART) history and information on treatments influencing the CVD risk (including lipidlowering therapy, treatment with antiplatelets, insulin or oral antidiabetes treatment and antihypertensive therapy). Blood pressure was measured in the cohorts according to clinical practice. The study endpoints include all incident cases of MI, stroke, invasive cardiovascular procedures and deaths, which were reported to the study coordinating office for central validation and coding as detailed earlier [10, 11] .
Statistical analyses
Developing the DAD (Data collection on Adverse Effects of Anti-HIV Drugs Study) risk equation (s) Analyses were based on all patients recruited to the DAD Study with follow-up data, excluding those who had an earlier CVD, and patients without a complete risk factor profile. The baseline for this analysis was defined as the first time point at or after inclusion in the DAD Study when information on all CVD risk factors was present. Three endpoints were analyzed: MI (including nonfatal and fatal cases), a composite coronary heart disease endpoint (CHD) of MI, invasive coronary artery procedure (including coronary artery bypass or angioplasty) or death from other CHD (end-stage ischemic heart disease), a composite CVD endpoint (CVD) of all of the above, carotid artery endarterectomy, or stroke. Characteristics of the study population and endpoints definitions applied are outlined in Tables 1 and 2 .
Predictive risk equations were developed based on Poisson regression models. The underlying time scale was the prospective follow-up from baseline, and till the time of the event, the time of death, time of last followup visit in the study or 1 February 2008, whichever occurred first. Predictive models were fitted using time-updated The diagnosis of MI was based on an established algorithm adapted from standardized criteria that included cardiac pain, cardiac enzyme or troponin levels, electrocardiographic readings, and in cases of death, autopsy results if available. All events had to satisfy the criteria for a definite, possible, or unclassifiable myocardial infarction and were categorized as nonfatal (when the patient survived to 28 days after onset) or fatal. The definition was similar to that applied in the WHO MONICA study [12, 13] .
covariates for most key laboratory parameters. This different approach from that generally used in creating prognostic risk equations was taken for several reasons. First, models based on time-updated data may more accurately capture and predict the current risk, in particular as several of the risk factors are reversible. Second, HIV-infected patients receiving ARTs are seen by clinicians on a very regular basis, usually 3 or 4 times a year. Hence, the need is for relatively short-term risk predictions. Third, in recent years there has been a rapidly evolving improvement in CVD risk management in HIV-infected patients, something that a model with time-updated covariates would be better placed to accommodate. Poisson models were used to aid direct comparison with other DAD analyses, and also because the relatively short time periods used in a time-updated analysis can be fitted adequately using piece-wise constant hazards.
An a priori choice of conventional CVD risk factors, known to also predict in the HIV-1 infected patient population [4] , included age, sex, serum total and HDL, blood pressure, smoking (current, former, never) and diabetes mellitus (defined as two consecutive measurements of fasting plasma glucose above 7 mmol/l or treatment with antidiabetic drugs). In addition, the following covariates were considered for inclusion: duration of the protease inhibitors (PIs) lopinavir/r and indinavir, current exposure to the nucleoside reverse transcriptase inhibitor (NRTI) abacavir, family history of CVD, TGs, CD4 count, HIV RNA, body mass index, reported lipodystrophy and HIV exposure category. Among the latter, covariates were selected using backward selection and were included in the model if the association with the outcome was significant (P < 0.05). All covariates were fitted as time updated. To avoid overfitting of ART data in the subset of the DAD data analyzed here, ARTs considered in the modeling were restricted to those drugs currently well established to be associated with cardiovascular outcomes [5] [6] [7] [14] [15] [16] . Other ARTs were not considered to avoid generating probably spurious associations in this subset of data. Most laboratory covariates were included, a priori, as continuous variables rather than as risk thresholds because of the expanding literature that now suggests there are no safe cut-offs for risk factors and that increases and decreases in covariates at any level are associated with increased or decreased cardiovascular risk [17] [18] [19] [20] Furthermore, modern computing facilities and web-based tools reduce the need for simple computational algorithms or scoring systems [21] .
Separate models were considered with and without HDL, and replacing systolic with diastolic blood pressure. Patients were included in the analyses only if, and from when, full covariate data were available. One cohort was excluded from the analyses because of incomplete covariate data (CPCRA).
Interactions between sex and other significant factors were evaluated while no other interactions between covariates were assessed to avoid overfitting.
Comparison with standard cardiovascular risk equations
The derived DAD risk equations were compared with the Framingham equation derived by Anderson et al. [22] , a risk equation based on non-HIV-infected American individuals. The Framingham equation was chosen for comparison, as it is probably the most widely used and quoted conventional cardiovascular risk equation. There are also data to suggest that other conventional risk equations, whereas they may be better calibrated to certain populations, tend to order patient risk estimates similarly (in non-HIV-infected populations) [23, 24] . The formulation of the Framingham equation derived by Anderson et al. [22] was chosen as this allowed most direct comparison with the endpoints collected in the DAD Study, and also allowed reasonably straightforward computations. For comparative purposes, the Framingham equation was also fitted to the DAD Study data in a time-updated fashion, estimating for each patient the probability of not having an event in each updated time period, and then multiplying these probabilities up to give for each patient an overall probability of not having an event during study follow-up. Key study features, and endpoint definitions, for the DAD and Framingham studies are summarized in Table 1 .
Assessing the performance of the risk equation (s) The performance of the prognostic models were assessed using an internal-external cross-validation [25, 26] . Briefly, the prognostic models were fitted in (n-1) subcohorts and then validated in the remaining subcohort, thus mimicking the notion of independent training and validation data sets. This process was repeated n times, to give n separate validations. Average performance was summarized across these n validations in two ways. First, the discrimination of the risk equations was compared with the Framingham equation using the 'area under the receiver operating characteristic curve' (AROC) analyses. Second, the calibration of the risk equations was compared with the Framingham equation by comparing the ratio of predictedto-observed events in each validation cohort. Data were summarized using a mean weighted by the inverse of the variance, or the observed number of events for the AROC and predicted-to-observed event ratio respectively.
The accuracy of the DAD and Framingham equations was further assessed across the whole data set by comparing the observed versus the predicted numbers of events in the subgroups defined by age and sex, smoking status and diabetes. In these analyses, the predicted number of events from the Framingham equation was recalibrated such that the predictions summed to the observed total numbers of events across the entire cohort. This was done to allow a better sense of whether the Framingham equation managed to order risk of patients within the subgroups. Goodness-of-fit was also assessed by dividing patients into quartiles of predicted risk for each equation, and then comparing observed versus predicted events using the Hosmer-Lemeshow statistic.
Applying the risk equation to obtain absolute risk estimates
The final risk equation for CHD was further used to estimate the proportions that were at low (< 1%), moderate (1-5%), high (5-10%) and very high (> 10%) risk of CHD over a 5-year period.
The data set for the analyses was processed and prepared using SAS (version 9.1; SAS Institute Inc., Cary, North Carolina, USA). Model development and comparisons were conducted with Stata (version 10.0; StataCorp LP., College Station, Texas, USA).
Results

Study population
A total of 22 625 individuals were free of earlier CVD and had complete data on all the risk factors included in the model. The characteristics of these individuals are shown in Table 2 . The average follow-up time was 4.8 years (interquartile range 3.0-7.0), for a total of 106 821 person-years. The characteristics and risk factor profiles were largely similar to those of the entire DAD Study population [5] .
Endpoints
The following endpoints were available in this subset: The models
The models include the conventional risk factors of age, sex, family history of CVD (CHD and CVD models), systolic blood pressure and smoking status, total and HDL cholesterol, diabetes and, in addition, exposure to the individual ART drugs lopinavir/r, indinavir (MI and CVD) and abacavir. Relative rates from the DAD Poisson regression models are illustrated in Table 3 .
Thus the following parameters were assessed and excluded based on nonsignificance: body mass index, lipodystrophy, TGs, CD4 count and HIV-RNA. Models that incorporated diastolic blood pressure predicted marginally less well than models with systolic blood pressure. TGs were not found to be predictive of our endpoints after adjustment for other parameters, principally other lipids (cholesterol and HDL). Blood pressure was retained in the models for all three outcomes despite its marginal statistical significance (for MI and CHD; Table 3 ) because of its well-known association with ischemic heart disease.
There were no significant interactions between sex and other predictors included in the models.
Internal-external cross validation
The performance of the DAD equations in individual cohorts, and a comparison with the Framingham equations, was assessed using internal-external cross validation. In this process, four of the 10 DAD subcohorts with fewer than 20 MI events were combined into a single cohort, thus giving a total of seven validations.
The DAD models performed reasonably well in terms of discriminating risks, with mean AROC of 0.783, 0.776 and 0.769 for MI, CHD and CVD endpoints, respectively (Table 4) . However, the Framingham equation appeared to give almost identical AROCs of 0.775, 0.775 and 0.769, respectively, indicating that this equation performed well in terms of the overall ordering of patients' cardiovascular risk.
The DAD equations, however, were found to be appreciably better calibrated. The mean ratio of the predictedto-observed number of events was 0.97, 0.96 and 0.95 for the MI, CHD and CVD endpoints, respectively, compared with 1.14, 1.35 and 1.51, respectively, for the uncalibrated Framingham equation (Table 4) . This indicates that while the Framingham equation orders patient risk well, it tended to overpredict the patient risk on a systematic basis. The DAD equation, on average across the independent validation subcohorts, seemed to calibrate well, although it is worth noting that the calibration in individual subcohorts with the DAD equation was still somewhat variable, ranging from ratios of around 0.7 to 1.4
Accuracy and comparison with the Framingham model
Predicted and observed numbers of events for key prognostic subgroups are compared in Table 5 for the DAD risk equation and the Framingham equation (uncalibrated and recalibrated), respectively. This confirms that the uncalibrated Framingham equation tends to overpredict the risk of events, particularly for CHD and CVD endpoints. However, even the recalibrated Framingham equation, which has been forced to sum to the total observed number of events in the DAD cohort, does not predict well in certain subgroups. In particular, the Framingham tended to underpredict risk compared with the DAD equations in women (for MI and CHD outcomes), in former smokers and in diabetic patients, but over-predicted in never smokers. There was some borderline statistical evidence of lack of goodness-of-fit for the DAD equation (P = 0.044, 0.020 and 0.353 for CVD, CHD and MI, respectively). This compared with very highly statistically significant lack of fit using the recalibrated Framingham equation (P < 0.001 for all three endpoints).
Absolute risk
The absolute 5-year risk of CHD was calculated by applying the DAD CHD equation to each individual from the start of their follow-up. Overall, 8.7% of the study population was estimated to be at a high risk, and 3.1% at a very high risk, of developing CHD over a 5-year followup period (Table 6 ). These proportions were lowest in women (1.5 and 0.5% vs. 11.2 and 4.1% in men), younger individuals (0.7 and 0.04% vs. 16.8 and 6.3% in older) and nonsmokers (4.4 and 1.4% vs. 10.2 and 3.7% in current smokers).
Discussion
In a cohort of HIV-infected individuals, we created prediction equations for the risk of CVD endpoints, the performance of which seem superior to the Framingham Variables not significantly associated with the outcome were excluded (indinavir from the CHD model, Family history of CVD from the MI model). 495 prediction models in this population. The models include exposure to individual ART drugs (indinavir, lopinavir/r, abacavir) in addition to conventional CVD risk factors, and more accurately estimated the risk of CVD outcomes in the cohort overall and in subgroups. Cross validation suggests that the models are robust. However, validation of the models on independent data sets is warranted to determine whether the equations can be generalized among HIV-infected individuals.
Predicting cardiovascular risk in HIV-patients
Although earlier studies suggest higher rates of CVD in HIV-infected individuals compared with the background population [27, 28] , we found that the Framingham equation overpredicted all the assessed outcomes in our population. It should be noted that the applied Framingham equation is known to overpredict in European populations [23, 29, 30] .
When comparing our risk estimates with those obtained from the Framingham equation, particular attention should be paid to the differences in the study demographics and outcome definition used in the studies (Table 1) . First, the Framingham risk score was developed for a non-HIV-infected and non-ART-exposed American population, aged 30-74 years, followed for up to 12 years from a baseline between 1968 and 1975. The HIV-infected population in the DAD Study is slightly younger, with diverse geographical distribution (although predominantly European), and the majority is ART exposed. Follow-up in the DAD Study is also substantially shorter, limiting the time periods over which predictions can reliably be made.
The endpoint that is most similar between the studies is the narrowest MI, although some differences also apply for this endpoint. For example, unclassifiable MIs (sudden death) were included in the DAD endpoint but not in the original Framingham risk function [22] . However, silent MIs were included in the Framingham risk function but not in the DAD Study.
Broader definitions of the composite CHD and CVD endpoints were applied in the Framingham Study than what was available and applied in the DAD Study (Table 1) . Table 5 Predicted versus observed number of endpoints over the observation period in 22 625 participants with complete CVD profile (90) 350 (90) 338.9 (90) 407. 4 (93) 358.7 (93) men r 45
147 (22) 159. 3 (25) 284. 3 (28) 187.9 (28) 126 (23) 138.0 (26) 235. 4 (32) 174.6 (32) 96 (25) 106. 8 (28) 137.9 (31) 121. 4 (31) men > 45 443 (67) 400. 9 (64) 594.9 (59) 393.2 (59) 369 (67) 336. 1 (63) 440.5 (59) 326.6 (59) 254 (66) 232.1 (62) 269. 5 (61) 237. 3 (61) Women total 73 (11) 70.9 (11) 123.9 (12) 81.9 (12) 59 (11) 57. 3 (11) 71.2 (10) 52.8 (10) 37 (10) 35.2 (9) 32.2 (7) 28.3 (7) women r 55 48 (7) 48. 6 (8) 92.1 (9) 60.9 (9) 41 (7) 39.9 (8) 51.5 (7) 38.2 (7) 26 (7) 27.0 (7) 23.3 (5) 20.5 (5) women > 55
25 (4) 22.3 (4) 31.8 (3) 21.0 (3) 18 (3) 17.4 (3) 19.7 (3) 14.6 (3) 11 (3) 9.2 (2) 8.9 (2) 7.8 (2) Smokers current 394 (59) 374. 3 (59) 589.0 (59) 389.3 (59) 337 (61) 322. 4 (61) 424. 7 (57) 315.0 (57) 258 (67) 249. 1 (67) 288. 7 (66) 254. 2 (66) former 132 (20) 125. 5 (20) 178. 6 (18) 118.0 (18) 119 (21) 114.0 (21) 139. 6 (19) 103.5 (19) 78 (20) 75. 7 (20) 66. 2 (15) 58. 3 (15) never 137 (21) 131. 3 (21) 235. 5 (23) 155.7 (23) 98 (18) 95.1 (18) 182. 8 (25) 135.5 (24) 51 (13) 50.2 (13) 84. 6 (19) 74. 5 (19) Diabetes no 557 (84) 536.0 (85) 884. 8 (88) 584. 8 (88) 467 (84) 451. 8 (85) 666. 6 (89) 494.3 (89) 321 (83) 313. 4 (84) 383. 3 (87) 337. 5 (87) yes 106 (16) 95.1 (15) 118. 3 (12) 78. 2 (12) 87 (16) 79. 6 (15) 80.5 (11) 59.7 (11) 66 (17) 61. 6 (16) 56.7 (13) 49.5 (13) Columns may not sum exactly due to rounding errors. CHD, coronary heart disease; CVD, cardiovascular disease; DAD, Data collection on Adverse Effects of Anti-HIV Drugs Study; MI, myocardial infarction. At its conception, the DAD Study decided to collect data on 'hard CVD outcomes' according to definitions applied in the WHO MONICA Study [12] , and information on angina pectoris has not been obtained.
Recalibration of the Framingham score to some extent facilitates comparison of predictions, which is further aided by comparing the proportional distribution of predicted risk in subgroups (Table 5) .
To this effect, the DAD equation predicted higher relative proportions of all three endpoints in the subgroup of smokers (current or former).
A dose-effect relationship of smoking and CVD risk is well described [17] , and very high smoking prevalence and individual cigarette consumption have been reported in populations of HIV-infected persons [31] [32] [33] . This would imply that the net effect of smoking fitted in the Framingham equation as a qualitative parameter is likely to be less than the effect in an HIV-infected population, which could explain the differential impact of smoking.
Age is an important predictor of CVD. It has been proposed that chronic infections, and in particular, the faulty immunological processes seen in HIV infection, may be associated with an accelerated aging process [34] . However, at present, our findings do not suggest a larger-thanexpected effect of aging with respect to CVD risk. Notably, the risk of CVD in younger HIV-infected individuals does not exceed predictions from the Framingham score.
In our study, the Framingham equation tended to underestimate the risk of CHD outcomes in patients with diabetes. This suggests that the presence of diabetes in HIV-infected persons, although not a CHD risk equivalent [35] , is not a lesser risk factor for CHD than would be the case for a diagnosis of diabetes in the background population, but rather the opposite.
The presence of diabetes was associated with similar relative risks of all assessed CVD endpoints in women compared with men, but no amplified effect as reported by some studies of non-HIV-infected populations [36] [37] [38] .
Equally, all other predictors were associated with similar relative risks in both sexes (i.e. there were no significant interactions), although the absolute risk of all CVD endpoints was considerably lower in women.
However, as the number of endpoints in women is limited, chance variation may influence these findings, which should be interpreted cautiously. At present the DAD Study has too limited data in women to develop separate sex-specific prediction models.
Earlier studies, which have used prediction models to estimate CHD risk in HIV-infected patients and included the potential impact of ART drugs on CHD risk, have done this by incorporating the observed risk factor profiles and have not taken into account the potential independent effect of individual ART drugs over and above their metabolic effects [8, 39, 40] . Through the present models, we wanted to incorporate all established important and independent risk factors for CVD in HIV-infected patients. At present, there is evidence to suggest that the PIs, lopinavir/r and indinavir and the nucleoside analogue, abacavir, have independent effects on CHD risk over and above their potential metabolic effects [5] [6] [7] 14, 15, 41] . As the pattern of the MI risk association described earlier for these drugs differs, with a cumulative effect described for the PIs but an on/off effect of more acute onset for abacavir, the drugs were fitted accordingly in our models. Indeed, we found very similar associations as reported earlier.
It should be noted that the present models can be considered as 'fully adjusted'. For the PIs, the association of these drugs with the risk of CHD is in part explained through their effect on lipid levels. Hence, the full effect of these drugs on the risk of CHD includes their lipid effect and the independent drug effect.
With regard to the overall ordering of patients' cardiovascular risk, the DAD equations performed marginally better than the Framingham equation, as assessed by the AROC analyses. However, the DAD equations proved superior with regard to accuracy and prediction in subgroups. This finding was in accordance with earlier analyses based on baseline rather than time-updated data [42] .
Nevertheless, the Framingham also performed well, suggesting that the conventional CVD risk factors may be largely interpreted, at least qualitatively, similarly in HIV-infected populations as uninfected populations -with the above-mentioned caveats.
It should be noted that the calibration varied between DAD subcohorts, likely, in part, reflecting the regional differences underlying the CVD rates [12] .
Application of models
Calculating an individual's predicted risks is described in the Appendix. Although pending external validation, our models are intended for clinical usage to inform doctorpatient discussions on CVD risks and interventions, and for research purposes of estimations of predicted risk/ benefit ratios associated with ART therapy. With regard to the latter, several equations have been developed and validated, which predict the risk of HIV disease progression for patients receiving combination ART [43, 44] . Although the risk of CVD endpoints is only in part attributable to therapy, this incremental risk associated with ART drugs may be estimated, and in individuals at high risk of CVD, other treatment choices may be more attractive. In addition, if the prognosis regarding the risk of CVD determined by these models is poor for an individual patient, more targeted interventions to reduce this risk may be recommended, including life-style changes and medicinal interventions [45] .
